S ep arate V ersus C on curren t E stim a tio n o f IRT Item P aram eters in th e C om m on Item E q u atin g D esign
The latent variable in many IRT (item response theory) models is unidentified up to a linear transform ation. This means th a t if the latent variable is linearly transformed then an appropriate linear transform ation can be m ade to the item param eters so th at the model produces exactly the same fitted probabilities. In practice, a scale or metric for the IRT latent variable and estim ated item param eters is determined by constraints imposed by the software used for param eter estimation. For the software studied in this paper the scale of the latent variable is determ ined by assuming the mean and standard deviation of the latent variable distribution used in the marginal maximum likelihood estimation are 0 and 1, respectively.
For example, the probability of a correct response for a dichotomous item i given by the three-param eter logistic IRT model (Lord, 1980) Substituting a* for a*, b* for bi, and 6* for 6 in Equation 1 will produce exactly the same probability of a correct response to item i as using a,, £>*, and ${. For any linear transform ation of the latent variable, a corresponding linear transform ation of the item param eters a* and 6* for any item i can be found to produce exactly the same probability of a correct response.
Thus, the scale and location of the latent variable in the three-param eter logistic model are unidentified (any linear transform ation of the latent variable produces exactly the same model fit).
In the common item nonequivalent groups equating design two forms of a test with some items in common are administered to samples from two populations. This paper compares two alternative procedures for producing item param eter estimates on a common scale in a common item nonequivalent groups equating design: concurrent and separate estimation. In concurrent estim ation item param eters for all items on both forms are estim ated simultaneously in one run of the estim ation software. Estimating param eters for all items simultaneously assures th a t all param eter estimates are on the same scale.
Estim ation software th a t can handle multiple groups of examinees is required to properly perform concurrent estim ation in the nonequivalent groups design.
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In separate estimation the item parameters for the two forms are estim ated using two separate runs of the estimation software. The item param eter estim ates for the two forms will not be on the same scale. This is due to the fact th at constraining the scale of the latent variable by fixing the mean and standard deviation of the latent variable distribution will result in different scales when samples from different populations are used for item param eter estimation. In separate estimation the two sets of item param eter estimates for the common items are used to estim ate a scale transform ation th at will .put the item param eter estim ates of one form on the scale of the item param eter estim ates for the other form. Several IRT scale transform ation methods are available (Kolen and Brennan, 1995. C hapter 6).
Item param eter scaling is not needed when the groups taking the two forms are sam ples from the same population (equivalent groups). This study also includes a condition in which equivalent groups take the two forms. In the equivalent groups case the concurrent and separate estim ation procedures are distinguished only by whether the item param eter estim ation involves one or two runs of the estimation software. Even though item param eter scaling is not needed when equivalent groups are used it can still be performed.
Item param eter scaling with equivalent groups may reduce estimation error by adjusting for small differences in the latent variable scale between the samples taking the two forms th a t are due to sampling error.
Little research has been done comparing the concurrent and separate estim ation pro cedures. Petersen, Cook, and Stocking (1983) and Wingersky, Cook, and Eignor (1987) both concluded th at concurrent estim ation performed somewhat better than separate es tim ation. Both these studies used the computer program LOGIST (Wingersky, Barton, and Lord, 1982) which uses joint maximum likelihood to estim ate the item parameters. Kim and Cohen (1998) studied separate versus concurrent estim ation with simulated d ata using the computer programs BILOG (Mislevy and Bock, 1990) and MULTILOG (Thissen, 1991) for item param eter estimation. Kim and Cohen (1998) concluded th at separate and concurrent estim ation provided similar results except when the number of common items was small, in which case separate estimation provided more accurate re sults. One lim itation of their study is th at BILOG was used for separate estim ation and MULTILOG was used for concurrent estimation. Thus, differences between separate and concurrent estim ation in the case of nonequivalent groups was confounded with the dif ference between computer programs. BILOG was also used for concurrent estimation, 3 although this is not strictly appropriate in the case in which the groups taking the two forms are not random ly equivalent because BILOG cannot estim ate the correctly speci fied model in which separate latent variable distributions are assumed for the groups of examinees taking the two forms.
Previous research has come to differing conclusions concerning the relative perfor mance of separate and concurrent estimation. The objective of this paper is to provide further information concerning the relative performance of concurrent versus separate es tim ation for some conditions th at have not been previously studied. In this paper BILOG-MG (Zimowski. Muraki, Mislevy, and Bock, 1996) and MULTILOG are used for both concurrent and separate estimation, so th a t unlike Kim and Cohen (1998) the difference between the results for concurrent and separate estim ation will not be confounded with computer program when nonequivalent groups take the two forms. In addition, two dis tinct forms with common items are used, and multiple methods of item param eter scaling are examined (Kim and Cohen, 1998 , used only one form and examined only one method of item param eter scaling).
D a ta
This study uses items from two 60 item ACT Assessment (ACT, 1997) Mathematics forms denoted forms A and Z. Randomly equivalent groups of 2696 and 2670 examinees took forms A and Z, respectively. The computer program BILOG (Mislevy & Bock, 1990) was used with these d ata to estim ate the item param eters for all items assuming a three param eter logistic IRT model (Equation 1). These estim ated item param eters were treated as population item param eters for simulating data.
The two forms do not have any items in common. Items on each of these two forms were divided into three sets of 20 items, such th a t the content and statistical characteristics of the three sets were as similar as possible. Form B was created by using the first set of 20 items from form A and the last two sets of 20 items from form Z. Thus, forms A and B have 20 items in common. The 20 items in common are considered an internal anchor. In this paper form A is considered the base form and form B is the new form -the form B item param eter estim ates will be put on the scale of the form A item param eter estimates.
The population item param eters for forms A and B are presented in Table 1 . Form A consists of items 1 through 60, and form B consists of items 41 through 100, where items 41 through 60 are common to forms A and B.
M eth od
Samples of item responses for form A were generated by sampling the IRT latent variable (9) from a normal distribution with mean zero and standard deviation onedenoted N(0,1). Two sets of item responses were generated for form B by sampling 9 from a N(0,1) distribution and a N (l,l) distribution. The samples of form A and the mean 0 form B samples were used to examine the case of a common item equivalent groups design in which the samples administered the two forms are from the same population.
The samples of form A and the mean 1 form B samples were used to examine the case of a common item nonequivalent groups design in which the samples administered the two forms are from different populations.
Fifty form A samples were generated, and 50 of each of the two sets of form B samples were generated for a total of 150 samples. A difference between the models fit by BILOG-MG and MULTILOG for concurrent estim ation in the form B mean 1 conditions was th at the standard deviations of the latent distributions for the two groups were allowed to differ in BILOG-MG, but were not allowed to differ in MULTILOG. For both programs the means of the latent variable for the two groups were allowed to differ.
In the separate estim ation conditions the scale of the item param eters for form B
were put on the scale of the item param eters for form A using four item param eter scaling m ethods described in Kolen and Brennan (1995) : 1) M ean/M ean, 2) M ean/Sigma. 3)
Stocking-Lord, and 4) Haebara. The M ean/M ean and M ean/Sigma methods use moments of the item param eter estimates to produce a scale transform ation (these will be referred to as moment m ethods), and the Stocking-Lord and Haebara methods minimize differences between item characteristic or test characteristic curves to produce a scale transform ation (these will be referred to as characteristic curve methods). Item param eter scaling was performed when the groups taking the two forms were equivalent or nonequivalent, even though item param eter scaling is strictly only needed when the groups taking the two forms are nonequivalent. In the separate estim ation conditions there will be two sets of item param eter estim ates for the common items. In this study the form A (base form) item param eter estim ates were used as the param eter estim ates of the common items for the purpose of com puting the criteria used to evaluate the quality of the item param eter scaling. This is in contrast to Kim and Cohen (1998) , where the average of the item param eter estim ates for the two forms were used as param eter estimates for the common items for the purpose of computing criteria.
Two levels of sample size were considered: 1) 3000 examinees per form, and 2) 1000 examinees per form. The 1000 sample size condition used the first 1000 of the 3000 examinees per sample. Two levels of the number of common items were used: 1) 20 items, and 2) 10 items. Ten of the common items in the 20 item condition were also considered common in the 10 item condition (items 42, 44, 45, 47, 48, 50, 51, 53, 55 , and 59 in Table   1 ). The other 10 original common items were treated as unique items on the two forms in the 10 item condition. These 10 items were treated as separate sets of 10 items on forms A and B. The split of the original 20 common items into two 10 item sets was done such th at the statistical characteristics of the two sets of 10 items were as similar as possible.
Five factors are investigated in this study: 1) equivalent versus nonequivalent groups administered the two forms, 2) concurrent versus separate estim ation using four item param eter scaling m ethods (this factor has five levels), 3) estimation program (BILOG-MG and MULTILOG), 4) sample size (3000 and 1000), and 5) number of common items (20 and 10). There are a total of 80 conditions studied (2 x 5 x 2 x 2 x 2). For each of these conditions 50 sets of item param eter estim ates for the items on the two forms were computed using the 50 samples.
C riteria
In each These are the number correct scores on form B for which the true score equating function can be computed based on the population item parameters. There could be some repli cations where the true score equating function cannot be computed using estim ated item param eters for certain form B number correct scores, even though the true score equating function can be computed using the true item parameters. Consequently, for some number correct scores i the sums in Equation 3 could involve less than 50 term s since only replica tions where the true score equating function is defined at score i can be used in the sums in Equation 3. It turned out th a t the true score equating function could be computed for all score points in each of the 50 replications in all conditions.
Two averages of the mean squared error, squared bias, and variance across form B number correct scores of 11 through 59 are computed for each condition. One average is an unweighted average across the scores. The second average is a weighted average with the weight given to each score being the population probability of th a t score on form B computed using the population item param eters and a N (0 ,1) latent variable distribution.
Since only 49 of the 61 number correct scores are used in the average the probabilities are standardized so they sum to one over the number correct scores 11 through 59. Thus, a weighted and unweighted average of mean squared error, squared bias, and variance are computed for each condition. 50 . There are some expected results th a t hold for both concurrent and separate estim ation for all the item param eter scaling methods. The MSE is less when the sample size is larger, and the MSE is less in the 20 common item condition than in the 10 common item condition due to increased variance in the 10 common item mean 0 condition, and increased variance and bias in the 10 common item mean 1 condition. In addition, the MSE is less in the mean 0 condition than in the mean 1 condition, with much of this due to increased bias in the mean 1 condition. The following sections discuss differences among the item param eter scaling methods, differences between concurrent and separate estimation, and differences between MULTILOG and BILOG-MG.
Item P aram eter Scaling M eth o d s
The In the mean 0 condition item param eter scaling is not strictly necessary due to the groups taking the two forms being randomly equivalent. 
C oncurrent versus S ep arate E stim a tio n
The relative performance of concurrent versus separate estim ation interacts with whether MULTILOG or BILOG-MG is used for param eter estimation. The error in the concurrent estimates will be compared to the error in the separate estim ates using the Stocking-Lord and Haebara scaling methods, since the Stocking-Lord and Haebara m eth ods performed much better than the M ean/M ean and M ean/Sigma methods.
For BILOG-MG the concurrent estim ates always result in lower MSE than the separate estim ates with the exception of the unweighted ICC criterion in the mean 0. 10 common item, 3000 sample size condition, although the effect is larger in the mean 1 condition than in the mean 0 condition. In the mean 0 condition most of the difference in MSE is due to a difference in variance. In the mean 1 condition the difference in MSE is due to both a difference in variance and squared bias, but more due to a difference in squared bias.
For MULTILOG the concurrent estimates had lower MSE than the separate estim ates in the m ean 0 condition. This was primarily due to the concurrent estimates having lower variance in the mean 0 condition. The separate estim ates using Stocking-Lord (and in some cases Haebara) scaling had lower MSE than the concurrent estimates in the mean 1 condition for the true score equating criterion. For the ICC criterion the concurrent estim ates had lower MSE in the mean 1 condition.
Figures 6 and 7 contain separate values of the average weighted ICC criterion for the common and noncommon items. Figure 6 presents results for MULTILOG and Figure   7 presents results for BILOG-MG. For the concurrent estim ates the MSE is lower for the common items than the noncommon items. For the separate estim ates there is less difference in the MSE for the common and noncommon items than for the concurrent estim ates. Thus, the difference between the concurrent and separate estimates is bigger for the common items than for the noncommon items. There is variation in the errors across score points. Squared bias tends to be much higher at lower raw score points, with the most pronounced effect in the mean 1 condition.
The variance does not vary as much across score points except for the M ean/Sigma method.
The p attern of errors is similar for the concurrent, Stocking-Lord, and H aebara methods, except for the BILOG-MG mean 1 condition in which concurrent estimates have much lower squared bias at low raw scores than the separate estimates. The pattern of errors for the M ean/Sigm a and M ean/M ean methods differs from th a t of the other methods. The concurrent method has consistently lower variance over all score points, but the m ethod with the lowest bias differs across score points. For example, in Figure 9 it can be seen th at the lower average MSE of the Stocking-Lord m ethod versus the concurrent method for the MULTILOG mean 1 condition, as reported in Figure 1 . is due to the lower bias of the Stocking-Lord method at low score points.
M U L TILO G versus B IL O G -M G
MULTILOG and BILOG-MG tended to perform similarly, although there were some consistent differences in MSE for the two programs across conditions. The MSE using MULTILOG tends to be the same or lower than the MSE using BILOG-MG in the mean 0 condition for both concurrent and separate estimation. In the mean 1 condition BILOG-MG had lower MSE for concurrent estimation, but MULTILOG tended to have lower MSE for separate estimation.
D iscu ssio n
This paper used simulation to investigate the performance of concurrent versus sepa rate estim ation in putting item param eter estimates for two forms of a test administered in a common item equating design on the same scale. As with any simulation study con siderable caution needs to be exercised in drawing conclusions due to the small number of conditions investigated. In this case, the results pertain to only the two specific forms used in this study. In addition, only two sample sizes, two levels of the number of common items, and only one level of the difference between the population distributions taking the two forms were considered. The results also indicate th a t if common items are available with randomly equivalent groups it is beneficial to perform an item param eter scaling using a characteristic curve m ethod even though it is strictly not needed.
MULTILOG and BILOG-MG tended to performed similarly, although there were some consistent patterns of differences in MSE for the two programs. W ith equivalent groups 13 (mean 0 conditions) the MSE of MULTILOG and BILOG-MG were similar, except for the unweighted ICC criterion where the MSE of MULTILOG was smaller. In the case of concurrent estimates with nonequivalent groups the MSE of BILOG-MG was smaller th an the MSE of MULTILOG, although in these cases MULTILOG tended to not reach convergence after 100 EM cycles. These results depend on the particular options used for these programs in this study (see Appendices A and B). The relative performance of the two programs may change when different options are used. While there were no convergence problems in the separate estim ation conditions, there were some convergence problems with both MULTILOG and BILOG-MG in the concurrent estimation conditions with nonequivalent groups. Concurrent estim ation puts more of a burden on the programs than separate estim ation, which may result in some performance problems. This could especially be tru e in larger problems w ith more than two forms being equated simultaneously.
Except for the MULTILOG mean 1 condition, concurrent estim ation produced lower errors than separate estimation. By examining the ICC criterion for common and non common item separately (Figures 6 and 7) it appears th at a t least some of the advantage of the concurrent estimates is due to their lower error on the common items, which is expected due to the common item param eter estimates being based on larger samples for the concurrent versus separate estimation. In this study the decision was made to use the form A param eter estimates for the common items when computing criteria in the separate estim ation conditions. In contrast, Kim and Cohen (1998) used the average of the common item param eter estimates from the two forms. The error in the separate estim ates could possibly be reduced if the form B data are used in some way to update the common item param eter estim ates obtained from the form A data. Simply averaging the two estimates seems rather ad hoc (e.g., it ignores any differences th at might exist in the precision of the common item param eter estim ates obtained from forms A and B).
Even though concurrent estim ation generally resulted in lower errors than separate estim ation in th is study we do not believe th a t the results, together with previous research on this topic, are sufficient to recommend completely avoiding separate estim ation in favor of concurrent estimation. Partly, this is due to the inconsistent results observed regarding concurrent and separate estimation. In the more im portant case of nonequivalent groups (mean 1 condition) concurrent estim ation results in lower error when using BILOG-MG, but for the tru e score equating criterion separate estimation results in lower error when using MULTILOG. In interpreting this finding it should be remembered th a t the cases in 14 which separate estim ation resulted in lower error than concurrent estim ation with MULTI LOG were cases in which the convergence criterion in MULTILOG was not met, although the criterion appeared close to being met. Previous research has also not shown consistent findings in favor of concurrent estimation. Some studies have concluded th at concurrent estimation performed somewhat better than separate estim ation (Petersen. Cook, and Stocking, 1983; Wingersky, Cook, and Eignor, 1987) , while Kim and Cohen (1998) , us ing computer programs more commonly used today, concluded th at the performance of separate estim ation was equal to or better than concurrent estimation.
A potential benefit of separate estim ation is th at having two sets of item param eter estimates can help to identify potential problems. For example, the first author has seen several cases in which close examination of the two sets of item param eter estimates for the common items obtained from separate estim ation resulted in the identification of serious problems th at would have remained undetected if only a single set of item param eter estimates existed for the common items. In some cases problems have been discovered by using separate estimation, computing all four item param eter scaling methods used in this paper, and looking for large discrepancies among the param eter scaling methods.
Thus, we agree with the recommendation of Kolen and Brennan (1995) 
A p p en d ix A
This appendix gives the MULTILOG control files used in the separate estimation condition and the concurrent estim ation conditions with 10 and 20 common items. The statem ent "N E=3000" (separate) or "N E-6000" (concurrent) in the PROBLEM command used when the sample size was 3000 was changed to "NE=1000" (separate) or ;:NE=2000" (concurrent) when the sample size was 1000. For the concurrent estimation condition the statem ent "N G=2" in the PROBLEM commend (used for the mean 1 condition) was changed to "N G = 1" in the mean 0 condition. 
S ep a ra te E stim a tio n

